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Abstract
There is considerable scientific interest in personal exposure to
ultrafine particles. Owing to their small size, these particles are able to
penetrate deep into the lungs, where they may cause adverse respiratory,
pulmonary and cardiovascular health effects. This article presents
Bayesian hierarchical models for estimating and comparing inhaled
particle surface area in the lung.
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1 Introduction
Ultrafine particles (ufps), particles less than 100 nm in diameter, account
for the overwhelming majority of the number of outdoor airborne particles
in Brisbane, Australia, the majority of which are generated by traffic [10].
While recent studies are inconclusive on the health effects of ufps, the link
between air quality and health is well known [5]. ufps pose a unique risk,
compared to coarser particles, as they can be inhaled deep into the lungs
where they may be absorbed into the bloodstream [11].
High frequency measurements of ultrafine particle number concentration (pnc)
with mobile sampling devices such as the Philips Nanotracer [8] estimate
personal exposure to ufps [3, 4, 9]. Such devices sample from a location
on the person’s body, rather than a fixed location in an environment where
the person spends a large portion of time. The total daily personal dose is
apportioned to the various microenvironments which are determined from
an activity diary or from directly measured spatial information such as gps
coordinates.
This article describes a modelling methodology for estimating the inhaled
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particle surface area dose deposited within the lung. The model is based
on size-specific particle deposition within the different regions of the lung,
measurements of pnc in the breathing zone, and known and estimated
parameters describing the particle size distribution.
2 Methodology
Bayesian regression models are developed to estimate inhaled doses in a
number of microenvironments across a study region, the daily dose portion
in each microenvironment, and the dose intensity relative to the time spent
in each microenvironment. Here, all Bayesian models are estimated using
R statistical software and Just Another Gibbs Sampler (jags) through the
rjags package [12]. jags simulates the posterior distribution of the model
parameters using Markov chain Monte Carlo (mcmc) techniques. The model
code is provided in the supplementary material1.
2.1 Inhaled dose
The model for inhaled particle surface area dose in the alveolar (al) and
tracheo-bronchial (tb) regions of the lung extends a previous model [3] to
incorporate the particle size distribution. The efficiency of particle deposition
in the lung ϕ varies with particle diameter xp in micrometres, and region of
the lung [6],
ϕal (xp) =
3.52× 10−3
xp
(
e−0.234(log xp+3.40)
2
+ 63.9e−0.819(log xp−1.61)
2
)
,
ϕtb (xp) =
1.55× 10−2
xp
(
e−0.416(log xp+2.84)
2
+ 19.11e−0.482(log xp−1.362)
2
)
.
(1)
1http://anziamj.austms.org.au/ojs/index.php/ANZIAMJ/article/
downloadSuppFile/7819/24521 rjags model code.
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Personal air quality samplers do not report the full particle size distribution
for a sample of air, but it is reconstructed by assuming a log-normal den-
sity f [xp ; xp(t),σk] with a location parameter based on the average particle
diameter xp(t) (measured by the Nanotracer) and some shape parameter σ.
The particle size distribution shape parameter varies across the different
microenvironments and is estimated based on prior studies with a Scanning
Mobility Particle Sizer (smps) system [4]. An individual’s inhalation rate irk
also varies with microenvironment k, based on the type of activity engaged
in at the time, as well as age. These inhalation rates are estimated from
previous studies [4].
For individual i in microenvironment k, the total inhaled surface area dose in
the region of lung r is
dikr =
J∑
j=1
irk
∫ Tjk2
Tjk1
∫∞
0
N(t) f [xp ; xp(t),σk]ϕr (xp)pix2p dxp dt , (2)
where Tjk1 and Tjk2 are, respectively, the start and end times of block j of J
which the individual spends in microenvironment k, and N(t) is the pnc as
measured by the Nanotracer.
The model is implemented in R by looping over microenvironments within a
loop for individuals (identified by a unique id), selecting a block of contiguous
time spent in a microenvironment, and calculating the double integral in
equation (2). Integration over the range of particle diameters, from zero to
infinity, is performed using adaptive quadrature in R’s integrate function;
time integration is performed using the trapezoid rule. Integration with
an unbounded upper limit ensures that the entire mass of the log-normal
density f is included even though it is almost zero beyond 3000 nm.
2.2 Spatial variation
To analyse the relationship between the inhaled doses within different study
area subregions and microenvironments, Bayesian hierarchical linear models
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are developed. Bayesian hierarchical linear modelling casts the parameters
as random variables described by a probability density. This is in contrast
to classical anova and linear regression models which assume that model
parameters are unknown but fixed and rely on asymptotic properties of
estimators. The incorporation of a priori beliefs about these parameters,
whether assumed to be informative or not, is done by specifying a prior
distribution for the parameters. These prior distributions are updated by the
data to obtain a distribution representing a posteriori beliefs.
To estimate how microenvironment doses varies between subregions (or co-
horts), a model with exchangeable random effect means is formulated as
(dik | zi = j) ∼ logN (βjk , τd) , βjk ∼ N (αk , τk) ,
αk ∼ N
(
0, 10−6
)
, τd , τk ∼ Γ (0.001, 0.001) , (3)
where βjk is a location parameter for dose in microenvironment k within
spatial subregion zi = j , and αk is the all-region location parameter for each
microenvironment with a conjugate weakly informative prior. The normal
distributions are parameterised in terms of a mean (location) and precision
(shape; inverse of the variance) and weakly informative conjugate Gamma
distributions are applied to the precision parameters. A comparison of the
dose received in two different microenvironments (e.g., k = 1, 2) for any
given spatial subregion is given by calculating the posterior difference in
means γj = βj1 − βj2 . This model will allow comparisons to be made across
subregions and across microenvironments similar to an anova but without
assuming independence of the levels of the grouping variables; individuals
are assumed exchangeable within subregions and these subregions are also
exchangeable within each microenvironment type.
2.3 Microenvironment proportions
To estimate the average proportion of each individual’s total daily dose re-
ceived in each of the microenvironments, a multinomial model is developed.
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The multinomial model ensures that credible intervals for all proportion pa-
rameters remain within the range [0, 1] . The model assumes exchangeability
across individuals and the parameters of interest are the multinomial pro-
portions pk derived from the parameters of the multinomial distribution θk .
Each individual’s dose in each microenvironment dik is some proportion of
their 24 hour total inhaled dose ni ,
yik = bdik/ni × 100e , ni =
K∑
k=1
dik , yi1 ∼ Bin (p1 ,ni) ,
~θ ∼ Dirichlet (~α) , p1 = θ1 , αk ∼ Γ(2, 2) , (4)
yik ∼ Bin
(
pk ,ni −
k−1∑
m=1
dim
)
, pk = θk
(
k−
k−1∑
m=1
θm
)−1
,
for k 6= 1 in the last two equations. The multinomial distribution generalises
the binomial distribution to more than two categories and is parameterised
as a series of binomials. This parameterisation is required as jags is not able
to fit a multinomial model with zero counts [1], such as when an individual
does not spend any time within a particular microenvironment. The Dirichlet
prior for the multinomial proportions ~θ represents a belief about the relative
proportions in each microenvironment in the absence of data. The Gamma
prior for the Dirichlet parameters ~α results in a weakly informative conjugate
prior which assumes that the proportions are equal a priori.
This model is also applied to the proportion of time spent in each microenvi-
ronment. Each individual’s dose intensity for each microenvironment is the
ratio of daily dose portion to daily time portion:
ρik =
dik∑K
k=1 dik
/ ∑J
j=1 Tjk2 − Tjk1∑K
k=1
∑J
j=1 Tjk2 − Tjk1
, (5)
which is a dimensionless number greater than zero, and indicates which
microenvironments pose the greatest risk of an adverse health outcome. A
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dose intensity greater than one indicates that the individual received a higher
portion of their total daily dose in that microenvironment than the portion of
the day that they spent there. Inference on average dose intensities for each
microenvironment ρ̂k are obtained by fitting
ρik , ρ̂k ∼ logN (βk , τk) , βk ∼ N
(
0, 10−4
)
, τk ∼ Γ (0.001, 0.001) , (6)
where the dose intensities ρ are assumed to be independent across the mi-
croenvironments and are distributed log-normally with location parameter β
and shape parameter τ.
3 Discussion
The Bayesian hierarchical linear models developed here allow analysis which is
more flexible than classical anova approaches. By including spatial variation
with a structured random effect mean, which is assumed exchangeable rather
than independent across spatial locations, small area estimates of mean
inhaled doses are calculated which are related to each other and informed by
partial pooling of the data through the hierarchical model.
The multinomial model with mcmc sampling provides credible intervals for
the proportion parameters which are strictly between zero and one and do not
rely on assumptions of asymptotic behaviour. These are desirable properties
for intervals with uncertainty in parameters which may be close to zero and
are based on a small number of observations.
The dose model presented here extended previous work on dose calculation [3]
by including particle size distribution estimation based on shape parameters [4].
This modelling approach was used to calculate the inhaled surface area dose
in the alveolar and tracheo-bronchial regions of the lung of children attending
25 primary schools in the Brisbane Metropolitan Area [9].
The biggest outstanding issue in this modelling is the estimation of the shape
parameter for each microenvironment. Point estimates result in underesti-
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mating the variability of the inhaled doses. Replacing the point estimates
with a prior distribution σ2jk ∼ p
(
σ2jk
)
gives a more physically realistic es-
timate. While portable size distribution analysers have existed for approx-
imately 40 years [7], the technology is not yet at a point where a particle
size distribution analyser can be worn comfortably without interfering with
normal movement (the Grimm Model 1.109 aerosol spectrometer has 32 size
channels in which it measures pnc and can be carried in a backpack but
weighs 2.5 kg [2]).
Because personal samplers such as the Philips Nanotracer do not currently
measure the size distribution, the shape parameters must be derived from
nearby stationary monitors such as an smps system. As such, the measurement
of particle size distributions (and calculation of the geometric standard
deviation of particles) makes dose calculations across a large spatial domain
very difficult. For well mixed air in microenvironments where individuals
spend much of their time, the models provided in this article can be used with
stationary samplers such as condensation particle counters and smps which
more fully characterise the particle number concentration and size distribution
as they have larger ranges of measurement than personal samplers.
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